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Introduction
The literature on the potential impact of aid on growth is large and multi-facetted.
1 Hansen and Tarp (2000) identify three generations of literature, and more recently, a fourth generation has emerged (see Arndt et al. 2010) . A distinctive aspect of this generation is the view that aid's aggregate impact on economic growth is non-existent. Doucouliagos and Paldam (2008) (henceforth DP08) reach a similar pessimistic conclusion in their various papers based on a meta-analytic approach and a database including 68 studies on the aidgrowth link.
More specifically DP08 ask: (i) Whether the aid effectiveness literature has established that aid has an impact on economic growth and if so how large is the impact? (ii) What explains the heterogeneity in reported aid-growth effects? DP08 apply different meta-analysis techniques, 2 and conclude that the aid effectiveness literature has failed to show that the effect of development aid on growth is positive and statistically significant. They also attribute the variation in the reported effect of aid on growth to different study characteristics. 3 In relation to the aid-growth literature, DP08 is an example where studies which have emerged over a long time period and which rely on differing methodologies are analysed. The DP08 analysis has attracted attention in policy debates about aid so we decided to reexamine their core aid-growth analytical result. 4 This was motivated by three underlying concerns. These include: (i) the need to specify and justify the underlying econometric model that is used; (ii) statistical choices related to measurement of the effect estimates and calculation of the weighted average (both in terms of methodology and choice of precision of coefficient estimates); and (iii) time consuming and tedious data entry and coding work that is not always straight forward to replicate for those interested in the results.
This paper reports what we uncovered in the process, and expands the DP08 meta-analysis in various ways that better reflect the econometric, statistical and data challenges faced in this type of research. In doing so, we address two main research questions that are common to any standard meta-analysis: (i) whether the empirical effect (in our case the impact of aid on growth) is different from zero when one combines the existing empirical evidence; and (ii) if so, whether the effect is genuine or an artefact of so-called publication bias (also referred to as the 'file drawer' problem).
Meta-analysis-also known as regression of regression analysis-is normally used with the aim of synthesizing the results from a group of studies while controlling for heterogeneity among studies. One advantage of meta-analysis is that it can potentially address the subjectivity associated with traditional narrative literature surveys, and it may indeed provide 1 See, for example, Mosley (1986) , White (1992) , Tsikata (1998) , Burnside and Dollar (2000) , Morrissey (2001) , Dalgaard et al. (2004) , Tarp (2006) , McGillivray et al. (2006) , and Rajan and Subramanian (2008) , Arndt et al. (2010) , among many others. 2 These include Funnel Asymmetry Test (FAT), Meta Significance Test (MST), and a meta-regression analysis (MRA). As regards the MRA both fixed and random model effects results are reported by DP08, who opt for relying on the fixed effects (see DP08: 13) 3 See DP08: 13-18. 4 Doucouliagos and Paldam (forthcoming) expand the dataset and provide a brief update of DP08 but their focus, basic methodological choices and conclusions are the same. a more systematic and objective (quantitative) assessment of an existing body of findings. Yet, the meta-methodology is by no means flawless (Stanley 2001) . Even if one accepts that meta-analysis is relatively more objective than narrative literature reviews, sizeable room for subjectivity still remains. For instance, in identifying the appropriate population of studies authors often exercise personal judgment. Hence, bias from systematic selection of studies may follow.
In a similar manner, subjectivity is a regular concern in the selection of study characteristics (moderator variables). There is typically no guide as to which moderator variables should be included in model specifications. So unless due care is taken, meta-analysis cannot per se guarantee an objective assessment of an existing body of findings. Moreover, it has long been understood in the medical profession that it does not follow (in any simple way) from a zero meta-impact result that the medical practitioner should immediately stop 'treatment' and leave the ailing patient alone. In this paper, we by-pass these general bias issues, and rely on the exact same 68 studies as DP08. Turning to our three fundamental concerns with DP08, i.e. econometric modelling, statistical choices, and data issues, illuminating results and observations emerge.
First, DP08 argue that there is a single 'true' effect of aid on growth, which is common to all their 68 studies and that this implies that random sampling error is the only factor behind the variation in reported effects among studies. As a result of this assumption of effect homogeneity, the authors mainly focus on a fixed effects meta-analysis. Our expectation is, in contrast, that the impact of aid on growth across the 68 studies is heterogeneous, and using both statistical tests and graphical tools we reject the 'effect homogeneity' assumption. One can also rule out the effect homogeneity assumption on theoretical grounds as the effect of aid on growth is a function of other factors. For instance, some authors like Burnside and Dollar (2000) , Dalgaard et al. (2004) , Hansen and Tarp (2001) , and Chauvet and Guillaumont (2004) , among several others, use interaction terms by which the partial effect of aid on growth is a function, not a constant. In light of this, it is highly unrealistic to expect the effect homogeneity assumption of the fixed effects model to hold in the aid growth literature. Consequently, we conclude that random effects meta-analysis is more appropriate and show that the underlying model choice does matter for the conclusions drawn.
Second, one major concern with the DP08 approach and hence in the current paper is the way the partial effect estimate is measured for papers that include non linear terms. That is, both in DP08 and in this paper, the partial effect of aid is mismeasured for papers that include an interaction term with the aim of capturing the non-linearity in the aid-growth relation. To see how this is the case, consider the following growth regression: = + * + * ( * ) + * +
where X can be aid, policy or institutional controls and Z is a vector of other explanatory variables.
In this case, the partial effect of aid on growth is given by ( 1 + 2 * ). 5 However, the data used in DP08 miscalculates the partial effect of aid by taking only 1 as the partial effect of aid. 5 Note that in the case of aid squared term, the partial effect is + 2 * .
In the meta analysis, this problem matters the most for regressions that use the partial effect as a dependent variable. One case in point is in calculating the weighted average effect of aid on growth. We have therefore tried to partly address the problem and have shown how the results of the weighted average effect changes when one takes this issue into account. DP08, on the other hand, ignored the issue.
Moreover, we differ from DP08 in the method we use in calculating the weighted average effect of aid on growth and in our choice of the measure of statistical precision of coefficient estimates. In DP08 the weighted average aid-growth effect is calculated using sample size as weights with the assumption that studies with large sample size are more accurate. Accordingly, DP08 tune in on sample size as the preferred measure of statistical precision of parameter estimates. This does not appear to be in line with established best-practice in standard fixed and random effects meta-analysis which normally relies on calculating weighted average effects from an existing body of empirical literature. As also noted by Sterne and Harbord (2009) Third, turning to data issues we began by re-entering all DP08 data. Our initial data review uncovered various mistakes that needed to be corrected. 6 This includes the number of observations used for the multivariate meta-regression-analysis (MRA) is increased from 471 to 519. 7 Nevertheless, we have throughout followed DP08 as closely as possible to make sure results are comparable. Thus, even if our revised data set does not exactly match that of DP08, the correlations between the two sets of data are high (see Table A9 .1 in the appendix).
This paper is structured as follows. Section 2 deals with data and methodology, while detailed results are presented in Section 3. Section 4 concludes that the DP08 findings paint an erroneous picture. Careful meta-analysis of the 68 studies chosen by DP08 suggest a positive and statistically significant impact of aid on growth; and this empirical effect is not an artefact of publication selection. Various appendix tables give necessary background and detail.
Data and methodology
The data used in this paper originate from 68 published and unpublished aid-growth studies identified by DP08 covering the period 1970-2004 (see Table A6 ). Since each of the 68 6 See Table A9 .1 in the appendix for full details. Note also that in our data we do not include the variable 'Danida affiliation'. None of the three authors classified by DP08 as Danida affiliated (studies 12, 13, 33, 34 and 40) fall into this category. 7 Note that we were able to increase the number to 519 by re-coding the values of the moderator variables which, for some studies, were wrongly coded as missing in DP08. These moderator variables include: OUTLIERS, AFRICA, ASIA, LATIN, AVERAGE and LOW INCOME. See Table A8 in the appendix for a detailed listing of the moderator variables. studies reports one or more regressions, we have a total of 542 observations (regressions) to work with. 8
The first step in any standard meta-analysis is to establish whether the size of the combined empirical effect in the literature under investigation is significantly different from zero or not. This is basically done by examining the pooled estimates (i.e. the mean overall effect) of all the studies included. There are two ways to calculate the pooled estimate, i.e. the fixed effects model and the random effects model. 9
In the fixed effects model it is assumed that all studies come from a population with a fixed average effect size, that is, that all studies share a common true effect. Accordingly, in the fixed effects model the observed effect size 10 is assumed to vary from one study to another only because of random sampling error (within study variation). In contrast, in the random effects model, the assumption is that studies were drawn from populations that differ from each other in ways that could affect the treatment effect (Borenstein et al. 2007) . In this case, the effect size will vary both due to sampling error (like in the fixed effects model) and due to true variation in effect size from one study to another (between study variations).
In calculating the pooled estimate and hence the combined empirical effect, each effect size is weighted, the weight being the inverse of the variance from each study. In the case of the fixed effects model the weight is given by 1 where is the within study variance. On the other hand, the weight in the random effects model is given by 1 ( + ) where and refer to the within and between study variances respectively.
Having estimated the mean overall effect, the next step is to examine whether this observed effect is genuine or an artefact of publication bias (i.e., the file drawer problem). The most commonly used tool to make a preliminary examination of the presence of publication bias is funnel plots, which are visual graphical images that illustrate the relationship between treatment effects estimated in individual studies (plotted on the horizontal axis) and a measure of study precision (shown on the vertical axis). The idea is that the precision in estimation (estimation accuracy) of the underlying treatment effect (in our case the impact of aid on growth) increases as the study size grows. Consequently, small studies are expected to scatter widely at the bottom of the graph, while the spread is expected to narrow among larger studies at the top of the funnel. If there is no bias the plot will take the shape of an inverted funnel, and be symmetrical around the expected true effect. As indicated above, since sample size cannot fully capture the precision of reported effect size, our choice of the measure of precision for the vertical axis in funnel plots follows Sterne and Egger (2001) . 8 We removed one regression from the study (ID 30) as this regression is already included (coded) in study ID 29. In study ID 30, the author used the regression from study ID 29 purely for comparative purposes. Thus, correcting for this double coding leads to 542 observations rather than 543. 9 The terms fixed and random effects used in meta-analysis are quite different from the ones applied in standard panel data models in econometrics. In meta-analysis the difference between fixed and random effects models originate from the underlying assumption as regards the nature of the 'true' effects. 10 The term effect size refers to the magnitude of the effect observed in each study. In the meta-literature there are different metrics to measure this; the partial correlation coefficient being the most commonly used one. As in DP08 we calculated the partial correlation coefficients of each study by using /( + ) where t and df refer to t-statistics and degrees of freedom respectively. They argue that standard errors (or their inverses) are the most appropriate measure of the precision of reported effect size. 11 Even if funnel plots help in tracing publication bias or in general small study effects in the data, visual assessment of funnel plots is essentially subjective. Moreover, Sterne and Harbord (2009) note that funnel plot asymmetry does not necessarily arise from publication bias. Other potential reasons include, for instance, heterogeneity in underlying effects and/or low methodological quality of smaller studies. So, funnel plots should be seen as a generic means for investigating small study effects, 12 not as a tool to diagnose a specific type of bias. It is therefore wise to complement graphical observations from a funnel plot inspection with statistical tests for funnel plot asymmetry. Egger et al. (1997) provides the most commonly used test in the meta-literature. The Egger et al. test is a regression-based test to assess skewness in a funnel plot. This test starts by examining the relationship between study i's reported effect size ( ) and its associated standard error ( ) and is written as:
Following Stanley (2005) , one can divide this equation by to avoid potential problems of heteroscedasticity, rewriting equation (2) as:
where is ⁄
The main idea behind this test is that, assuming a non-zero underlying effect and absence of publication bias, small studies will have a precision (1 ⁄ ) and a standardized effect ( ⁄ ) close to zero. Large studies will have both high precision and standardized effect. Accordingly, the standardized effects are expected to scatter around a regression line that passes approximately through the origin. The slope of this regression line estimates both the size and direction of the underlying effect. Failure of the regression line to pass through the origin implies publication bias. The size of the intercept gives a measure of asymmetry; the larger the deviation from zero the higher the asymmetry and hence bias in the effect size reported by the literature.
In sum, equation (3) provides a basis for testing both funnel graph asymmetry and the presence of a genuine empirical effect beyond any publication bias. Stanley (2005) insists that the presence of an underlying genuine empirical effect, irrespective of publication bias, must be confirmed by another test. This is the so-called meta significance test (MST), which verifies the authenticity of empirical effects by analysing the relationship between the natural logarithm of the absolute value of a study's standardized effect (t-statistics) and its degrees of freedom (df). The MST equation can be written as: (Stanley 2005) 
Results and discussion
In this section we first present the pooled estimate of the combined effect of aid on growth, and then turn to investigating whether the observed effect is genuine (authentic) or an artefact of publication bias.
The weighted average effect of aid on growth
The first (and typically main) aim of any meta-analysis is to combine the available empirical evidence so as to establish whether the impact of an intervention is different from zero or not. Accordingly, in Table 1 we present the combined estimates of the impact of aid on growth (and the associated confidence intervals) from fixed and random effects meta analysis. Both suggest a positive and significant effect of aid on growth (0.082 and 0.098 respectively) when the empirical evidence from the 68 studies is combined. Source: Authors' estimates.
As discussed in the methodology section, the fixed effect estimate is based on the assumption that there is a single true effect size (population treatment effect) inherent in all studies. This is equivalent to assuming away heterogeneity between studies (homogeneity of effect sizes). This assumption is empirically testable and the fixed effects result can easily be challenged if there is heterogeneity of true effects across studies. Heterogeneity may not always be an issue in, for example, tightly controlled medical experiments (Schell and Rathe 1992 ). Yet, in our case where we rely on a wide ranging set of 68 different studies with varying focus and analytical approach, heterogeneity is to be expected. This is indeed what the Q-test for 13 We have also checked the sensitivity of the overall effect to the inclusion of the outlier and the results still hold. That is, 0.081 and 0.097 for the fixed and the random effects respectively. heterogeneity reported in Table 1 suggests. 14 The presence of heterogeneity is also clearly confirmed in graphical inspection of the Galbraith plot attached in the appendix. 15 Many studies fall outside the confidence bounds indicating significant heterogeneity in the effect of aid on growth.
In sum, the fixed effects model, based on homogeneity of effects, is clearly inappropriate as a meta-analysis of aid and growth. In light of this, the effect homogeneity claim of DP08 is invalid and does not appear to be supported by the evidence inherent in the data. 16 Thus, in this paper our discussion of the meta analysis results focuses on the random effects model.
Turning back to the overall effect of aid reported in Table 1 , the weighted average effect of aid on growth from the 68 studies is positive and statistically significant with a magnitude of 0.098 in the random effect meta analysis. On the other hand, the weighted average effect reported in DP08 is 0.08 which is similar to the fixed effect estimate reported in Table 1 . Note from Table 1 that the DP08 weighted average does not fall in our 95 per cent confidence interval which indicates that we can reject their 0.08 estimate at 5 per cent level of significance.
But this is not the whole story about the weighted average effect of aid on growth. As we have shown in equation (1) the partial effect of aid on growth will be mismeasured for papers that capture the non-linear effect of aid on growth. In Table 2 below we show how this matters for the result and we have separately re-estimated the weighted average effects by classifying the papers based on their treatment of non-linearity.
For instance, for papers that include the aid squared term overlooking 2 * will overstate the weighted average effect of aid reported from these papers. This is so because the expected sign of the coefficient of aid square in equation 1 above is negative. This is consistent with the result reported in Table 2 . As shown in this table, the weighted average effect from papers that include the aid squared term is much higher than papers which do not include the aid squared term. In a similar fashion, for papers that include aid-policy and aid-institution interaction terms, the expected sign of the coefficient of the interaction term is positive. Hence, ignoring the 2 * term in equation (1) will understate the estimated weighted average effect of aid. Again, this is confirmed from the results in Table 2 . Papers that include 14 The test involves = ∑ ( − ) where is the estimate of the effect magnitude, is the weighted average and is the weight (the inverse of the variance of ). Under the null hypothesis of homogeneity, Q is distributed as chi-square with degrees of freedom equal to the number of studies minus one. 15 A Galbraith plot is a scatter plot of the standardized effect against its precision and is used to complement the statistical test for heterogeneity. This graphical tool helps to visually examine the extent of heterogeneity in meta-analysis. The position of each point on the horizontal axis shows the weight allocated to each study in the meta-analysis. The vertical axis shows the contribution of each study to the Q statistics for heterogeneity. In the absence of heterogeneity, all points in the graph are expected to lie within the confidence bounds (positioned 2 units above and below the regression line). This is an unweighted regression line that is constrained through the origin and has a slope equal to the overall effect estimated in a fixed effect meta-analysis. 16 On page 13, footnote 33 in DP08, the authors report a test for residual between-study variance ( 2 ) from a random effects model and find 2 = 0.0091. Based on this the authors argue that the between study variance is actually small. But even if the magnitude looks small, the test clearly shows that it is statistically different from zero with a p-value = 0.000. Unfortunately, this fact is overlooked by DP08. In addition, in the same footnote the authors report Q-tests for heterogeneity for their two fixed effect regressions and claimed that the null of effect homogeneity is accepted. But again, even if their Q values are correct, the reported p-values are wrong. Thus, even when one applies the heterogeneity tests on the original DP08 data, there is no ground to accept the effect homogeneity assumption of the fixed effects model. either aid-policy or aid-institution interaction terms appear to have a lower weighted average effect compared to papers that do not include these terms.
Finally, as shown in the lower part of Table 2 , we have estimated the weighted average effect of aid separately for papers that include at least one of the above interaction terms and for those that do not include any of these interaction terms. The random effect estimate of the weighted average effect of aid for the latter appears to be positive and statistically significant with a magnitude of 0.138. This magnitude is much higher than the estimate found for papers that include at least one of the interaction terms. Moreover, this estimate is also higher than the one reported in Table 1 where the non-linearity issues are ignored.
To sum up, when one combines the existing empirical evidence from the 68 studies using appropriate meta analysis, the results suggest that the effect of aid on growth is about 0.14 and it is statistically significantly different from zero. This result is close to the key finding by Arndt et al. (2010) . Note: The Q tests for heterogeneity for studies with and without conditionality are Q = 756.157 on 231 degrees of freedom (p-value = 0.00) and Q = 1106.690 on 305 degrees of freedom (p = 0.000) respectively. *These are papers that include at least one of the above non linear terms: aid square, aid-institution or aid-policy interaction terms.
Source: Authors' estimates.
Publication bias versus authentic effect
Publication bias is typically said to exist when researchers, editors, and reviewers tend to favour statistically significant findings causing studies that yield relatively small and/or insignificant results to remain unpublished (the 'in the file drawer' problem; see Stanley 2005) . 17 Whether this is indeed a problem in the aid-growth literature is not easy to say. In this literature, small and insignificant results have on several occasions drawn considerable academic and policy attention after which they have been shown not to be robust to even minor changes in data and methodology. Prominent examples include the 'micro-macro' paradox by Mosley (1986) ; the 'aid only works with good policy' hypothesis by Burnside and Dollar (2000) ; and the Rajan and Subramanian (2008) 'aid is insignificant' finding. 18 In any case, if a publication/small study bias exists it would tend to bias empirical effects, and as such must be carefully investigated with a view to disentangling any genuine empirical impact on the one side, and publication effects on the other. In line with established practice in the meta-literature we first use funnel plots to visually examine if the aid-growth literature seems to suffer from such bias.
In Figure 1 , we present a funnel plot which is done using standard error as the measure of precision. 19 The vertical line at the centre of the funnel plot shows a summary estimate of the effect size from the 68 aid-growth studies. When there is no bias, estimates are expected to vary randomly and evenly around this estimate. The diagonal lines in the figure represent the 95 per cent confidence limits around the summary treatment effect for each standard error on the vertical axis. 20 These lines show the expected distribution space of studies in the absence of heterogeneity. That is, assuming that there is no heterogeneity in the reported effect sizes among studies, 95 per cent of the studies should lie within the funnel defined by the diagonal lines.
As can be seen from the funnel plot in Figure 1 , the estimates from the aid-growth literature are fairly randomly distributed around the fixed effect estimate. Although the distribution of the studies to the right of the funnel seems relatively more concentrated, there is no clear asymmetry in the funnel graph. This lack of asymmetry becomes clearly visible in Figure 1 .1 A and B, which rely on the inverse of the standard error and sample size as measure of precision, respectively. These figures depict the clearly symmetrical distribution of the effect of aid on growth as estimated from the 68 studies. These funnel plots provide, in contrast to DP08, no basis to argue for a directional bias. 21
17 Also, small studies tend to have large standard errors leading to insignificant results. If this leads authors to strive to come up with large sized effects in order to compensate for the high standard errors such a bias should be detected. 18 See Hansen and Tarp (2000) , Hansen and Tarp (2001) , Dalgaard et al. (2004) , and Arndt et al. (2010) . 19 When standard errors are used in the vertical axis, the vertical axis is reversed (zero at the top), so as to put large studies at the top of the graph reflecting that larger studies have smaller standard errors. 20 The summary estimate of the effect size in Figure 1 is obtained from the fixed effect model (under the effect homogeneity assumption). This presents one limitation in funnel plot analysis. Vevea and Hedges (1995) explain why one should not necessarily associate asymmetry in the funnel plot with publication bias. Presence of heterogeneity can also potentially lead to such an asymmetry in the funnel plot. 21 In investigating publication bias, it is (following Stanley 2005) the graph's symmetry or asymmetry that is important, and Stanley (2005) also points out that associating publication selection with asymmetry of the funnel graph presumes that the bias (selection) is directional. Figure A3 attached in the appendix shows how the funnel plot can easily be made to look asymmetric if one makes the overall empirical effect of aid on growth equal to zero as done by DP08. But as shown above the mean overall effect of aid on growth is significantly different from zero, and the reference line in the funnel plot must be inserted according to this overall effect instead of at zero effect. While the above funnel plot analysis provides no grounds to claim that a publication bias is present, it is premature to draw any firm conclusion on publication bias from this evidence. Even though funnel plots can be revealing, their interpretation is subjective and potentially ambiguous. We therefore move on to statistical testing. The most commonly used statistical test of publication bias is the Egger et al. (1997) test, also known as the funnel asymmetry test (FAT) (Stanley 2005) . FAT basically estimates equation 3, which is then expanded in a next stage to control for more explanatory variables. The main variables of interest are the constant term and the coefficient of 'precision'. While the coefficient of 'precision' shows the magnitude and direction of any genuine underlying effect over and above any possible bias, the constant term depicts the existence and degree of the bias in the literature surveyed. The results of our bivariate and multivariate meta regression analysis are presented in Tables 3 and 4 respectively. We first discuss the results from the bivariate FAT meta-regression-analysis (FAT-MRA) where the dependent variable is the standardized effect of aid (t-statistics) regressed on the inverse of the standard error (i.e. precision) (Table 3) , and then move on to the multivariate regression analysis (Table 4) . Since more than one regression is taken from most of the studies, observations within a study are unlikely to be independent. To address this problem, in all our regressions we used standard errors that are clustered on publications. 22 For the sake of comparison, we also report heteroskedasticity consistent and heteroskedasticity and autocorrelation consistent (HAC) standard errors. Coming to our results, despite the reasonable symmetry in the funnel graph discussed above, the result from the bivariate regression depicted in Table 3 seems to suggest the presence of a positive and statistically significant publication bias. The positive sign of the bias suggests that small studies with high standard error tend to report a high partial effect of aid on growth, and hence a statistically significant effect. Should we conclude and stop the analysis here? We do not believe so.
The above bivariate Egger et al. (1997) test is commonly criticized for leading to an inflated false-positive rate (high type I error), and such false positive results become a major issue especially when there is between study heterogeneity (see Ioannidis and Trikalinos 2007) . In addition, Stanley (2005) argues that heterogeneity of effects may induce asymmetry into the funnel plots even in the absence of publication bias. This implies that failure to account for factors that can explain heterogeneity in research findings will potentially exaggerate the bias. We have already argued that heterogeneity is evident in the aid-growth literature, so 22 In DP08 the results appear to be very sensitive to clustering. To show this, we replicated their fixed effect result which is reported in column 2 of Table 5 in DP08 and checked the sensitivity of this result for clustering. As can be seen from column three of Table A5 in the appendix, out of the fourteen significant variables they had, six of them became insignificant. The authors used bootstrapping as an alternative to clustering. But if one resorts to bootstrap standard errors, for the case at hand, it is appropriate to apply block bootstrapping. This is because unlike the bootstrapping used in DP08 which assumes independence across all observations, block bootstrap method assumes away within cluster (publication) independence.
caution must be exercised in making inference about publication bias from the bias coefficient reported in column 3 above. It is a bivariate regression which needs to be substantiated by multivariate analysis. 23 Before moving on to the multivariate analysis, we should highlight that (in spite of the difficulty of establishing publication bias), Stanley (2008) notes that the FAT-MRA can be relied on to identify genuine empirical effects of aid on growth; and this is so regardless of publication bias. In Table 3 above, this genuine empirical effect is captured by the coefficient of 'precision'. As can be seen from Table 3 the FAT-MRA shows a positive and significant effect in column 1, but this does not appear to be the case when we apply HAC and clustered standard errors. For the reasons indicated above, it is too early to conclude about publication bias and the empirical effect of aid solely based on the bivariate regression reported in Table  3 . We thus now move beyond the bivariate model and consider the multivariate regression, see for example Abreu et al. (2005) Table 3 above into a more general MRA, by including important explanatory variables that can potentially affect the reported variation (heterogeneity) in research findings. We do not pretend to have insight on this point that goes beyond that of DP08. Accordingly, we expand the FAT-MRA model by including all the 50 moderator variables they identified. The result is depicted in Table A1 in the appendix, and it can be seen that the magnitude of the precision coefficient improves and becomes significant in two of the cases, though it fails to be significant in the last column.
Moreover and importantly, after controlling for factors that can potentially explain heterogeneity in reported effects, the bias coefficient (i.e. the constant term) becomes insignificant in all cases. This suggests that once the moderator variables (study characteristics) are controlled for then there is no publication bias. However, most of the variables included in the multivariate regression reported in Table A1 are statistically insignificant. There is, in other words, a trade-off here between including these variables in order to explain heterogeneity versus potential multicolleniarity and loss of degrees of freedom. We therefore follow the General to Specific (GETS) Modelling procedure by Krolzig and Hendry (2001) to systematically reduce the insignificant variables from the multivariate model. The result from the reduced multivariate model is reported in Table 4 below.
As can be seen from the multivariate FAT-MRA results reported in Table 4 , the genuine impact of aid on growth, as reflected in the coefficient of 'precision', is found to be positive and statistically significant in all the three cases with a magnitude of 0.17. This implies that a one percentage point increase in aid is associated with a 0.17 percentage point rise in GDP growth. This result is again close to the Arndt et al. (2010) On this basis we suggest that it is highly likely that the DP08 results suffer from omitted variable bias, noting that DP08's conclusions are exclusively dependent on a Table 4 type bivariate analysis. Furthermore, in Table A3 we have presented a robustness check for the FAT results presented in Table 4 . The first regression in column 1 of Table A3 is done by considering studies after the 1990s only; in the second column we exclude studies that did not include African countries in their sample; and finally in the third column we only considered published studies. In all the cases the key finding presented in Table 4 holds.
The above evidence should as Stanley (2005) puts it, be confirmed by a meta-significance test (MST) for authentic effect before firm conclusions are drawn. The MST test uses the relationship between the logarithms of a study's absolute value of t-statistics and the degrees of freedom to examine a genuine empirical effect. A genuine empirical effect is reflected in a positive and statistically significant coefficient of the log of degrees of freedom in equation 4 (in Section 2). The bivariate and multivariate results of the MST regressions are reported in Table 5 and Table 6 respectively. As can be seen from the bivariate regression reported in Table 5 below, the coefficient of log of degrees of freedom (ln (df)) exhibits a positive sign, but it is insignificant in all cases. This should come as no surprise. The results reported in Table 5 are from a bivariate regression, and it is likely that this bivariate MST-MRA suffers from omitted variable bias for reasons similar to those discussed above. We therefore turn again to the DP08 explanatory variables used for the FAT-MRA in Table 4 and run a multivariate MST-MRA. The results from the full model are presented in Table A2 in the appendix. Moreover in the first three columns of Table 6 we report the reduced form MST-MRA model after systematically removing insignificant variables using GETS modelling procedure. And finally, column 4 of Table 6 checks if the result remains the same when one uses the log of the number of observations (ln(n)) instead of the log of degrees of freedom (ln(df)) as a measure of estimation accuracy. As can be seen from Table A2 and Table 6 below, in all the multivariate MST-MRA regressions, the coefficient of estimation accuracy is positive and significant. This underpins the authenticity of the positive and significant effect of aid on growth observed in the FAT-MRA regressions. Moreover, similar to the FAT robustness checks, we present a robustness check for our MST-MRA results in Table A4 . As can be seen from Table A4 our finding continues to hold in all the cases. In sum, our results stand in contrast to the conclusions of DP08. They found a negative and insignificant coefficient on ln (df). On this basis, DP08 suggested that there is a lack of evidence to support the idea that development aid has an effect on economic growth. Once again, this is based on a simple bivariate MST, which fails to take into account other explanatory variables. The DP08 result does not survive when the bivariate model is expanded to the multivariate context.
Conclusions
The main aim of this paper is to contribute to the aid-growth literature using as our starting point the method and data from the 68 studies employed by DP08. In the initial process we discovered a variety of data issues. Accordingly, we decided to rectify erroneously entered information in DP08 and fill in missing values (whenever possible) in their data and hence increase the number of observations for our meta-analysis. Moreover, we decided to carry out a more complete analysis, in line with best-practice guidelines. What did we find?
Our combined meta analysis estimate of the aid-growth link in the random effects model is found to be positive and significant with a magnitude of 0.14. In the same vein, the FAT-MRA results reported in Table 4 not only confirm this positive and significant effect of aid on growth, they also suggest that publication bias is not a severe problem in the aid-growth literature. The measure of publication bias obtained from the multivariate FAT-MRA model appears to be statistically indistinguishable from zero, which is in line with the fairly symmetrical funnel plot depicted in Figure 1 .
The genuineness of the positive and significant effect of aid on growth was further underpinned by the results of our MST-MRA regressions. As shown in Table 6 , there is evidence of a clear empirical effect that goes beyond publication bias. Though the coefficient that verifies the authenticity of the impact of aid on growth is not significant in the bivariate MST, the authenticity of the observed positive and significant aid-growth impact becomes evident once we move to a multivariate setting taking into account the DP08 explanatory variables. In addition, as shown in Tables A3 and A4 , our findings appear to be robust in different samples. We highlight that the heterogeneity in the true effect of aid on growth across the studies under review is important. Accordingly, we emphasize the need to use the random effects model for the meta analysis at hand in contrast to the fixed effects model.
We have also indicated that the partial effect of aid on growth for papers that include interaction terms is wrongly coded in DP08. While we have not fully addressed the problem here, we did calculate the weighted average effect of aid separately for papers with and without non-linear terms. In doing so we have shown how a proper coding of the partial effect matters for the results. We thus suggest that future meta analysis on aid and growth needs to find a way to properly incorporate the partial effect of aid from studies that include a non-linear term.
To summarize, when one combines the findings of the 68 studies identified by DP08 that used economic growth as an outcome indicator to assess aid effectiveness, the evidence shows that foreign aid has, on average, had a positive and significant impact on economic growth. At the same time, the conclusions that emerge from the present review are obviously not the whole story about aid effectiveness. Economic growth is only one of the multifaceted development objectives of foreign aid. For example, poverty reduction is the main aim and target in most foreign aid programmes. 25 Moreover, we agree with calls to improve the design and implementation of aid to the benefit of the poorest people in the poorest countries. Note: Q-test for heterogeneity: (chi2(518) = 988.01; p>chi2 = 0.000). Robust, heteroskedastcity and autocorrelation consistent and clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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